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= JR> BN ? [Grossmann+ 2023]
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FEM®DETE / PINND:NIFR FEMOD4E / PINNDEHh
.f .4/. z E'Z:E:des PINNs FEM
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SEATESRI Y] >~ | e e
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IR ODERZE Lﬂlﬁ#d)‘h#

figures from Grossmann+ (2023)
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= S. Wang, S. Sankaran, H. Wang, P. Perdikaris:
YAn Expert's Guide to Training Physics-informed Neural Networks”,

arXiv:2308.08468
PDE T :
—
* Loss Balancing

— + (u-V)u= ——Vp +vVu * Fourier Feature Network

* Random Weight Factorization * Causal Training

T T T e -
e L  Exact Boundary Condition

* Curriculum Training

figure from Wang+ 2023
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Physics-informed neural networks (PINNS) [Raissi+ 2019]

Deep Galerkin method (DGM) [Sirignano+ 2018]
= PINN & concurrent work 12 EBhns

Neural operators [Li+ 2021; Lu+ 2021; Kovachki+ 2023] (<4151 T SEEEE)

» FFEDOYIHA/IRFREAF TORREEFE T DD TFRL,
FIHASAF - B2t TR DL D78, BE » BBOFRRZT —INSFEBIT D
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Initial Vorticity @ -
Y e -

t 1 (b)

figure from Li+ (2021) with modification
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Simulation-based inference
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» [RERUMES (ikelihood-free inference) | ZFE/fzl&
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Approximate Bayesian computation (ABC)
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Neural posterior estimation (NPE)
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SBIIC KD, &SRMER D (SEF|(CEF UIZIREE (overconfident)
THdDZENZU)N [Hermans+ 2022]
» ERINIMER(CKDIRS

false discovery DfEEE

087 m Overconfident |
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0.6 \ w Conservative |

Posterior density
=
.

=
o

=10 -3 0 ] 10

figure from Hermans+ (2022)
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Overconfidence DIEh DA
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e aaBEMHEE (highest posterior density region; HPDR) (CKBERE
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s s | if 7
— HWEULZDTq | | 1R underconfident
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IEED7 10 p ABEIS overc!onfiden'r
x  phBeob>TIL \\ (coverage) /
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figure from Falkiewicz+ (2023) with slight modification (credibility level)
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figure from Hermans+ (2022)
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RIREZ 183 U o5 [Hermans+ 2022] CTld, 77> T U I HIRER
NRETEE I D _EDNFEZERDF T L —= 3> [Delaunoy+ 2022]

CoverageZzMiTrlge/a iz CETE U C. IBIZ1ERIE [Fakiewicz+ 2023]
= coverageldnulgEy — N CTETETE D

Algorithm 1 Computing the regularizer loss with calibration objective.

Require: Data batch {(6;,z;)} . model /i(6|x), number of samples L, proposal distribution 7(6)
Ensure: Regularizer’s loss R
1: fori < 1to N do

2 pi < p(Oilz:)
3: for j <+~ 1to Ldo
4: 07 ~ 1(6) > sampling from proposal distribution
5: p; (0] |x)
6: end for L 1) <p]
LIS 2= P/ I(6])1|p] <p:
7 Gpppor (D, 0i, ;) — =2 iﬁf:lpi-"/f(ﬂf) > eq. B)
8: end for s
9: (CH;‘Z =1,..., N) A Sort({&Hl‘:’DR(ﬁi 91,.132)'3 =1,..., N})
10: R+ % Ziv (i/N — a;)? > the second term in eq. @)

figure from Falkiewicz+ (2023)
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K. Cranmer, J. Brehmer, G. Louppe:

PNAS 117(48):30055-30062, 2020

sbi [Tejero-Cantero+ 2020]
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Hamiltonian neural networks [Greydanus+ 2019]
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0.5 - f/.r
f
P 00108

t
\
—0.5\

—1.0 1

q
figure from Greydanus+ (2019)
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COVID-19 EezeBmZX PR (Ank+ 2020]
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figure from Ank+ (2020)
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figure from Shirakami+ (2023)
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figure from Verma+ (2024)

video from the project page of Verma+ (2024)
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https://yogeshverma1998.github.io/ClimODE/
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EER\1 T Uw REFT)LDOZEZ [Yin+ 2021]
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